Abstract: High-resolution snow distributions are essential for studying cold regions. However, the temporal and spatial resolutions of current remote sensing snow maps remain limited. Remotely sensed snow cover fraction (SCF) data only provide quantitative descriptions of snow area proportions and do not provide information on subgrid-scale snow locations. We present a downscaling method based on simulated inhomogeneous snow ablation capacities that are driven by air temperature and solar radiation data. This method employs a single parameter to adjust potential snow ablation capacities. Using this method, SCF data with a resolution of 500 m are downscaled to a resolution of 30 m. Then, 18 remotely sensed TM, CHRIS and EO-1 snow maps are used to verify the downscaled results. The mean overall accuracy is 0.69, the average root-mean-square error (RMSE) of snow-covered slopes between the downscaled snow map and the real snow map is 3.9°, and the average RMSE of the sine of the snow covered aspects between the
of snow water equivalent and the sub-grid terrain characteristics at the subgrid scale [21] [22] [23] , and other studies estimated snow water equivalent according to known snow cover area at the subgrid scale, via a parameterized snow depletion curve [24, 25] . For better ablation simulation, some studies evaluated the influence of resolution and topographic uncertainty on modelling melt at the subgrid scale [26] . However, these studies did not take into account subgrid-scale snowpack locations and the influence of temporal weather conditions on inhomogeneous snow ablation.
Beyond the studies above, this study develops a means of retrieving subgrid-scale snowpack locations via simulated inhomogeneous snow ablation. In this method, air temperature and solar radiation data, more than just DEM (Digital Elevation Model) data, are integrated together to downscale snow cover fraction data. Inhomogeneous snow ablation results in heterogeneous snow distribution at the subgrid scale. It is necessary to determine the inhomogeneity in order to determine snow patterns and locations at the subgrid scale. The inhomogeneity can be simulated by an empirical snowmelt model driven by air temperature and solar radiation at the subgrid scale. Simulated inhomogeneous snow ablations are considered a priori information to downscale snow cover fraction at the subgrid scale in this study. This method can better reflect the temporal and spatial inhomogeneous characteristic of snow ablation. The presented method is based on the following principles:
(1) Snow is always present where it is not easily ablated, such as northern slopes and high-altitude regions. In a grid with complex terrain, snow ablation capacities differ from topographies. (2) Inhomogeneous snow ablation capacities can be empirically simulated based on dominant meteorological factors, such as solar radiation and air temperature. Solar radiation and air temperature can be accurately interpolated using a limited number of station observations [27] . (3) Comparing modeled ablation heterogeneities at the subgrid scale enables one to allocate snow positions where snow is not easily ablated under a given grid-scale SCF.
Methodology

Problem Description
The problem to be solved is as follows. Given a known grid-scale SCF, a finer subgrid-scale DEM and a meteorological data time series, can we estimate subgrid-scale snow locations? The following values are given:
(1) A grid measuring L by L and containing n times n cells. Specifically, then, which cells are snow-covered? Solution: We use the potential snow ablation capacity Ps principle to quantitatively estimate the presence of snow. In this study, Ps is computed using an improved degree-day factor method that takes into account the radiation index (see Section 2.2). Three assumptions are made. (1) Snow is present for longer periods of time where snow ablation is relatively low, e.g., on north-facing slopes or at high altitudes; (2) precipitation is homogeneous within a grid; (3) the subgrid is the basic unit, and subgrid-scale ablation is homogeneous.
In this study, the grid scale is set to 500 m, thereby matching the typical spatial resolution of the fractional snow cover data (e.g., MODIS), and the subgrid scale is set to 30 m, as in high-resolution remotely sensed images (e.g., TM).
For convenience, the abbreviation DS subgrids denotes those subgrids classified as snow-covered in the downscaled snow map, and RS subgrids denotes snow-covered pixels (subgrids) in the high-resolution remotely sensed snow maps.
Calculation of Potential Snow Ablation Capacities
Ps is defined as the total subgrid-scale snow ablation from the first day of a snow season (i = 1) until the date on which the SCF data are downscaled (i = t), assuming that enough snow has ablated. For the ith subgrid, 1 ( )
where kd (cm·°C
) is the degree-day factor. A degree-day factor indicates the snowmelt depth resulting from 1 degree-day. A degree-day is defined here as one degree of difference between the mean daily air temperature and 0 °C. kr is a factor of the energy-to-water-depth conversion (cm·W ). Ti is the daily average air temperature above 0 °C, Ti = max [Ti, 0 °C] on day i. Ri is the average downward shortwave radiation above 0 Wm −2 on day i. kdTi denotes partial ablation related to air temperature, which is dominated by elevation, whereas KrRi denotes partial ablation related to radiation, which is dominated by slope and aspect features. This combined air temperature and solar radiation index has been used successfully in several empirical studies [28] [29] [30] . We can adjust the weightings assigned to the air temperature and solar radiation and obtain different Ps distributions for each subgrid using different values of kd and kr.
For comparison, relative values of Ps can be used to determine snow distributions. For convenience, we set kd to 0.15 following recommendations of a previous study [28] and use the equation = . Thus, Equation (1) can be rewritten as
where K is the only variable to be determined and represents the weighting assigned to the solar radiation influence. Possible values of K ranging from 0 to 0.03 at intervals of 0.001 are used to calculate possible potential snow ablation capacities.
From Distributed Ps to Subgrid-Scale Snow Locations
To determine subgrid-scale snow locations in a patchy snow grid, a threshold criteria C is used to assign subgrids to two classes. Ps ≤ C subgrids are assumed to be snow covered, whereas Ps > C subgrids are snow free (Figure 1 ). For an undetermined C, the estimated SCF (fe) can be calculated as follows:
where | denotes the number of snow-covered subgrids, and number(Gs) is the total number of subgrids. Given Ps values distributed at a subgrid scale and a real SCF (frs) distributed at a grid scale, a threshold criteria C can be obtained using Equation (3) . When adjusting the threshold criteria C, a minimum value difference between the frs and fe can be generated:
Ps ≤ C subgrids are assigned to the snow-covered class. Note that | − | is not equal to zero in most cases because fe is a set of discrete values that depend on the subgrid scale.
K Value Determination and Accuracy Assessment
Effects of energy exchange on snow distribution patterns are relatively stable in a given region [31] . Thus, it is assumed that energy exchange is dominated by air temperature and radiation and that K is stable. To test this assumption and to determine a reasonable value for K, we determine a possible set of K values. Given a specified SCF at grid scale and simulated snow ablations at subgrid scale, C is a fixed value. SCF value and simulated snow ablations determine a certain C value, according to the method presented in Section 2.3. According to a C value, the subgrids are divided into snow covered and snow free. Simulated snow ablations are varied with different K value. Each K value corresponds to a subgrid-scale snow distribution pattern using the method presented in Sections 2.2 and 2.3. In general, given a specified SCF at grid scale and simulated snow ablations at subgrid scale, K is the only parameter for determining snow locations at subgrid scale. C is different from each subgrid, but K is uniform for the whole domain. We compare different snow patterns with the high-resolution, remotely sensed snow map and determine both the "closest" distribution pattern and the related K value.
To determine the "closest" distribution pattern, we use the high-resolution, remotely sensed snow map as the real snow distribution and use various indicators to evaluate similarities between the real snow maps and downscaled snow maps: (1) the overall accuracy of the downscaled snow map and the real snow map; (2) the kappa coefficient of the downscaled snow map and the real snow map; (3) the root-mean-square error (RMSE) between slopes of DS subgrids and RS subgrids; and (4) the RMSE between the sine of the aspects in DS subgrids and RS subgrids.
Overall Accuracy
We use the overall accuracy to assess agreement between the downscaled snow map and the real values. The overall accuracy (OA) of the downscaled snow map can be formulated as follows:
where ns is the number of snow pixels in an union set, which includes snow pixels in the high-resolution downscaled map and remotely sensed snow map, and nf is the number of snow pixels in an intersection set, which includes pixels that are classified as snow in the high resolution downscaled map and remotely sensed snow map too.
Kappa Coefficient
The kappa coefficient is one of the most commonly used indicators for evaluating mapping classification accuracy [32] . This parameter is viewed as a more robust measurement than simple percent agreement calculations. In this study, the coefficient is formulated as follows:
where = / , and = + / . n is the number of subgrids, and s is the number of subgrids assigned to a particular class (snow-covered or snow-free) in the estimated and real snow maps. a1 is the number of snow-covered subgrids in the real snow map; b1 is the number of snow-covered subgrids in the estimated snow map. Moreover, a0 is the number of snow-free subgrids in the real snow map, and b0 is the number of snow-free subgrids in the estimated snow map. As a reference, a magnitude guideline [33] 
Evaluation of the RMSE
We use the RMSE between the slopes of the DS and RS subgrids and the RMSE between the sine of the aspects of the DS and RS subgrids to assess the accuracy of the downscaled topographic features. The formula is as follows:
where m is the number of all subgrids covered by snow, is the real slope or sine of the aspect in the th subgrid that is covered in snow, and is the real slope or sine of the aspect in the i th subgrid that is covered by snow.
Lower RMSEs between the slopes of the DS and RS subgrids denote higher levels of accuracy. The aspect values cannot be directly used to compute the RMSE because certain similar aspects may vary considerably (e.g., 359° and 0° are both northern aspects, although these numbers differ considerably). Thus, the sine of the aspects was used to compute the RMSE.
Data
Remotely Sensed Snow Cover Data
Real Snow Distribution Maps Based on Multi-Source Remote Sensing Data
Multi-source remote sensing data are typically used to map snow cover patterns at different scales, including Landsat TM, CHRIS (Compact High Resolution Imaging Spectrometer), EO-1 (Earth Observing-1 Extended Mission) and MODIS. (Table 1 ). The Landsat 5 TM image data files consist of seven spectral bands which can supply snow classification using NDSI index method. 2 TM images with 30 m resolution are used in this paper. The TM data are from USGS (United State Geological Survey) archive. CHRIS was launched aboard Proba-1 satellite of ESA (European Space Agency) and provides hyperspectral images. 12 MODE 1 images from PROBA CHRIS are used in this study. Hyperion hyperspectral products from the EO-1 Extended Mission are used in this study. The spectral range of the EO-1 Hyperion data varies from 400 nm to 2500 nm. 4 EO-1 Hyperion images with 30 m resolution are collected in this study, which is from USGS Center. MODIS daily SCF data (MOD10A1) with resolution 500 m are obtained from NSIDC (National Snow and Ice Data Center). CHRIS, EO-1 and TM data are preprocessed via radiometric calibration, atmospheric correction and geometric correction. Binary snow distributions are then mapped using these image data. Snow maps generated from these images are regarded as true snow distributions. For the TM and EO-1 data, the normalized difference snow index (NDSI) method is used to map snow distributions [34] . NDSI values are obtained using
where VIR denotes the visible band reflectance, and SIR denotes the shortwave-infrared band reflectance. The NDSI method can detect snow distributions due to high reflectance in the visible band and high absorption in the shortwave-infrared band. When the pixel NDSI value exceeds a predefined criterion, the pixel is classified as snow covered. In certain regions, a criterion of 0.4 is adopted [34] . A previous study of the Qilian mountains showed that 0.36 best reflects snow classifications in this region [35] . The NDSI method is not suitable for use with CHRIS images because the spectral range of the CHRIS data (L1, MODE 1) varies from 773 nm to 1036 nm and lacks a shortwave-infrared band range (approximately 1500 nm), which is needed in the NDSI index method. In this study, binary snow distributions are mapped via supervised classification.
SCF Data
There are various means of retrieving SCF values from moderate-resolution satellite images such as MODIS data. Retrieval accuracy levels are influenced by various factors such as the reliability of the retrieval methods and atmospheric conditions. The accuracy of SCF values is somewhat uncertain. Because we focus here on the availability and reliability of the downscaled method, we minimize SCF errors using remotely sensed images with a resolution of 30 m to develop the SCF map with a resolution of 500 m. The 500-m resolution reflects the resolution of typical SCF products such as MODIS. The remotely sensed images with a resolution of 30 m included 18 CHRIS, TM and EO-1 images (see Table 1 ). Converting snow maps from a 30-m to a 500-m resolution involves three tasks. 
Study Region
Topographic and Meteorological Data
The study area is located in the Babaohe basin of the Qilian mountains region in China [36] . Here a brief introduction about local energy budgets is made (Figure 3 ). The dataset used is from the previous study in this region [2] . Radiation data are from the weather station, and latent heat and sensible heat are from a physically based snow model. The period is from January to May 2008, which represents a typical snow season. In the station, incoming and outgoing shortwave radiation increases gradually from January to April, while incoming longwave radiation remains stable through the whole snow season but outgoing longwave radiation experiences a slow increase. Latent heat and sensible heat accounts for relatively small part.
Spatial Interpolation of Solar Radiation and Air Temperature
The observed AWS solar radiation is divided into direct and diffuse radiation; these values are distributed across the entire study region based on slope and aspect features. It is assumed that horizontal direct radiation is homogeneous throughout the study region because the region is relatively small. Here, we present a description of our solar radiation spatial interpolation method.
The atmospheric diffuse transmission coefficient ( )is first calculated to divide the solar radiation into direct radiation and diffuse radiation [39] [40] [41] :
where is the atmospheric diffuse transmission coefficient (Sdiff/Sbo), Sdiff is the diffuse radiation value, and Sbo is the total incident solar radiation on a horizontal surface along the outer edge of the atmosphere. Moreover, is the atmospheric total transmission coefficient (St/Sbo), and St is the AWS-observed incoming solar radiation, including both direct radiation Sdire and diffuse radiation Sdiff. B is the maximum clear-sky transmissivity of the atmosphere, which is assumed to be 0.76 in this study.
Second, the diffuse and direct radiation are distributed across the entire study region using the following equations [42] :
where Sslope is the solar radiation along a slope, and Sdiff_slope is the diffuse radiation along a slope. Z is the incidence angle of the sun, which represents the angle between the solar beam and a line perpendicular to the snowpack surface. Ks is the slope. Moreover, /2 represents the sky-view factor, and 1 − /2 represents the fraction of the view from the slope that is occupied by the surrounding terrain. is the albedo of the surrounding terrain, which is assumed to be 0.6 in this study. Furthermore, Senvi is the total shortwave flux density of the surrounding terrain. Senvi is seldom known directly; thus, Sdire is substituted as an approximation for Senvi in this study.
Normally, sufficient linearity exists between air temperature and elevation. The air temperature adiabatic lapse rate of two AWSs is first calculated. Then, spatial temperatures are determined based on the lapse rate and elevation difference in each study region grid. 
Results
Determining K
We determine the accuracy of the downscaled snow maps based on the K values for various periods (Table 2 ) and find 0.009 to be the best value for the downscaled snow cover fraction data. We use 18 satellite images collected during the spring and winter snow seasons to verify the downscaling results based on different snow cover areas. The results indicate that this determined K value is stable during various periods in the study region. The mean overall accuracy is found to be 0.69, and the mean kappa coefficient is 0.51, i.e., the maximum corresponding to a K of 0.009. The mean RMSE of snow covered slopes between the downscaled snow map and the real snow map is found to be 3.9°, and the mean RMSE of the sine of the now covered aspects is found to be 0.34, which is equivalent to 19.9° (Table 2 ). The highest overall accuracy is 0.71 when K exceeds 0.015 (Figure 4) . The optimal kappa coefficient is 0.53, which is stable for values of K exceeding 0.014 ( Figure 5 ). The minimum RMSE of the simulated slope is 3.8° when K reaches approximately 0.012 ( Figure 6 ). The RMSE of the sine of the aspect reaches a minimum of 0.335, which is equivalent to 19.6°, while K is approximately 0.007 (Figure 7) . Rather than using only one index such as the overall accuracy or kappa coefficient, the four indexes should be considered together when determining the best K coefficient value. A value of 0.009 effectively mitigates the variations in the indexes. When K is 0.009, the overall accuracy is 0.69, which is close to the best value of 0.71, and the kappa coefficient is 0.51, which is close to the best value of 0.53. The RMSEs for the simulated slope and sine of the aspect are close to the minimum values.
We also note variations in downscaling accuracy due to different K values.
(1) In this study, air temperature and solar radiation differences are understood to affect inhomogeneous snow distributions at the subgrid scale. Temperature differences at different elevations may play a dominant role in causing inhomogeneities. Solar radiation associated with various slopes and aspects has a secondary role.
When K reaches zero, according to Equation (1), only air temperature differences are used to determine the potential snow ablation capacities. The kappa coefficient ranges from 0.30 to 0.55, with a mean value of 0.42 ( Figure 5 ). With an increase in K, the role of solar radiation becomes greater, and the kappa coefficient reaches a stable value that ranges from 0.43 to 0.61, with a mean value of 0.53. The results indicate an increase in the kappa coefficient from 0.42 to 0.53 when solar radiation is considered, indicating that downscaling accuracy levels can be marginally improved when solar radiation is considered.
(2) In determining K values, the accuracy of the downscaled aspect plays a more important role than the slope. When K is zero, the RMSEs between the slopes in different downscaled images range from 2.2° to 6.8°, with an average value of 4.7°; as K increases, the RMSE gradually decreases to a stable value with an average of 3.8°. The RMSEs for the sine of the aspect followed a different trend than those for the slopes, i.e., decreasing to minimum values and then increasing gradually. When K is zero, the RMSEs for the sine of the aspect range from 0.18 to 0.55, with an average of 0.40; when K is 0.007, the average RMSE reaches a minimum of 0.33. Thereafter, the RMSE gradually increases to 0.39. When K exceeds 0.014, the kappa coefficient and slope accuracy of the downscaled results exhibit no further improvement, and the aspect accuracy worsens. Thus, the accuracy of the aspect should be considered a decisive factor when determining K values when the slope and kappa coefficient accuracies become stable.
Overall, using a single assessment criterion may skew downscaled snow cover fraction data. The method based on four indicators used in this study can yield downscaled snow distributions that agree well with the real distributions. 
Downscaled Snow Map Accuracy Assessment
In this work, remotely sensed 30-m-resolution snow maps are used to verify the downscaled snow map. The results reveal good agreement between the downscaled map and the real results (Figure 8) . The highest and lowest overall accuracies are 0.82 and 0.60, respectively, with a mean of 0.69. The maximum and minimum RMSEs of the slopes are 5.8° and 1.8°, respectively, with an average of 3.9°. The maximum and minimum RMSEs for the sine of the aspects are 0.47 and 0.14, respectively, with an average of 0.34, which is equivalent to 19.9°. The downscaled snow map is fairly accurate. The snow-covered areas approximate the real snow distributions. Below, we present downscaled pixel-scale snow maps ( Figure 9 ). The differences indicate that the topographic features of the snow distribution are well reproduced. We present an example to illustrate the spatial agreement between the downscaled snow map and the real trends ( Figure 10 ). The misclassified area is located primarily along the boundaries of the snow-covered area. . Snow-free areas and areas lacking data are shown in black in both maps; snow-covered areas in the remotely sensed map that were identified as being snow-free in the downscaled map are blue; and snow-covered regions in both maps are white.
Discussion
Applicability of the Downscaled Method Driven by Air Temperature and Solar Radiation
In a given region, snow distribution patterns are similar from one year to the next due to the presence of similar topographical conditions and weather patterns [31] . Topographic conditions affect meteorological factors and contribute to snow ablation. Meteorological conditions are an underlying cause of inhomogeneous snow ablation. In this study, air temperature and solar radiation are examined as two major determinants of meteorological conditions. Previous studies have also recommended using air temperature and solar radiation to simulate snow ablation patterns in areas of complex terrain [28, 43] .
We use an empirical linear formula that combines air temperature and solar radiation to simulate snow ablation patterns. The K parameter is used to adjust the contributions of air temperature and solar radiation to ablation. It is assumed that K is stable and independent of topographic conditions. Our results indicate that this is a viable assumption. Moreover, we use satellite images taken during different seasons to verify the downscaled results with different K values. Similar features are observed regardless of the K value selected during the calibration; hence, a constant of 0.009 is used as the final calibrated K value. The results indicate that a single K constant could satisfy the downscaled accuracies of snow maps.
If a more complex, physically based snow model can better simulate snow distribution heterogeneity, can one obtain superior downscaled results? Generally, physically based snow models are more accurate than empirical models, assuming the former's use of precise data. Moreover, the physically based snow model takes into account more physical processes without neglecting regional parameters [44] . However, precise large-scale data regarding wind speeds, humidity and longwave radiation are difficult to obtain. The accuracy of modeled snow ablation depends primarily on meteorological forcing data, which are controlled by topographic differences. Previous studies have found that solar radiation and air temperature are more accurate than wind speed and precipitation [45] . When using more-complex models, more uncertainties are introduced due to the use of more data. In certain cases, complex models may not yield the best results [43] . In regions of scarce data, such as sparsely gauged mountainous regions, we suggest that empirical methods based on air temperature and solar radiation are the most appropriate for downscaling snow fraction data.
Limitations of the Downscaling Method and Error Analysis
Our results suggest that the downscaling method employed in this study is reasonable. However, the method is limited in terms of its accuracy (i.e., an overall accuracy of 0.71 is the highest level recorded).
Spatial Scale Limit
Snow distribution patterns vary at different spatial scales [46] . At macro-scales, i.e., 10 to 1,000 km, snow distribution patterns depend on latitude, elevation and orography. At mesoscales, with linear distances of 100 m to 1000 m, snow deposition and accumulation patterns may be related to elevation, slope, aspect, and vegetation cover. Moreover, at microscales, i.e., 10 to 100 m, accumulation patterns are primarily controlled by surface roughness conditions. The method presented in this paper is found to be suitable for application at the mesoscale. Topographic features are the main factors in our interpolation study of meteorological data, as discussed in Section 3.2.2. Macroscale and microscale snow-distribution mechanisms differ greatly from those at the mesoscale due to the presence of different applicable conditions. Based on the above considerations, the downscaled method presented in this paper is suitable for satellite images of 500-to 1000-m resolution.
Errors due to an Absence of Blowing Snow and Inhomogeneous Precipitation
Air temperature and solar radiation are examined as two dominant factors that can be used to downscale snow fraction data at the 500-m scale. Although blowing snow is not considered in this study, it can disturb the accuracy of downscaled results in certain regions.
While blowing snow may have affected our downscaled results, it is not likely to have exerted a major effect. Blowing snow only affects high-altitude regions characterized by high wind speeds. In extreme cases, blowing snow can continuously redistribute snow in certain regions. This process challenges the assumption made in this study that air temperature and solar radiation are the two dominant factors. In these cases, errors due to blowing snow cannot be ignored. In the study region, blowing snow weather patterns typically occur under dry snow conditions in the winter at altitudes exceeding 4000 m [47] . Blowing snow patterns decline sharply at altitudes below 3700 m. Blowing snow patterns are not significant in our study region; thus, a good agreement is obtained without considering blowing snow in this study. However, if this method is to be applied in other regions, an evaluation of blowing snow conditions would be necessary.
Several sophisticated methods have been used to model blowing snow [48, 49] . These methods have revealed complex processes of blowing snow mass exchange. However, these methods require access to precise wind flow simulations and snow properties, which are difficult to obtain, especially in cold regions. This is one reason why only solar radiation and air temperature are considered in this study.
The inhomogeneous precipitation can also affect the heterogeneity of snow ablation. The heterogeneity is more obvious on a large spatial scale. In this study, 500-m resolution is used as the grid scale, and it is assumed the heterogeneity from precipitation is not the dominant factor resulting in the inhomogeneous snow ablation in this scale. This assumption needs more detailed field observations as proof. Microtopography and inhomogeneous wind speed both can affect the spatial distribution of precipitation. In particular, the influence from blowing snow needs to be distinguished between from precipitation. Because there are only two weather stations in the study region, it is not enough to give a reliable analysis in the spatial heterogeneity of precipitation. The topic is indeed very important, though, and detailed field observations are needed to examine it.
Errors in the Employed Data
In addition to errors of the downscaled method, data errors must also be noted. Remote sensing image identification errors cannot be ignored. As noted above, due to uncertainties in terms of the accuracy of SCF products, more reliable datasets should be used. We downscaled the MODIS fractional snow cover data (MOD10A1) to snow locations at a subgrid scale using the same method and parameters. The downscaled results and accuracies are compared with the previous results using SCF data calculated from high-resolution images such as TM, EO-1 and CHRIS. We present two diagrams to show the results (Figures 11 and 12 ). Three conclusions are drawn from the results.
(1) MODIS SCF products yield systematic underestimation, as shown in Figure 11 . The SCF values across the region of different dates are compared with the "real" SCF obtained from high-resolution satellite images. Our results indicate that the underestimation occurs primarily where the snow cover fraction is relatively low and at lower elevations ( Figure 12 ). Other studies in this region mentioned similar results. For example, Zhang et al. [50] reported that the SCF in the MODIS standard product is less than the "ground truth" obtained from ETM+ images with 30-m resolution, and the MODIS product fails to retrieve snow in the snow cover-transition areas with patchy snow. Rittger et al. [51] found that the MODIS SCF product is slightly underestimated in the Himalaya region. Fortunately, a few previous studies have generated strong retrieval results. For example, an improved endmember extraction method was employed to improve fractional snow cover mapping in our study region [50] . This method is based on the fast autonomous spectral endmember determination (N-FINDR) maximizing volume iteration algorithm and on orthogonal subspace projection theory. For MODIS data, the study reported a retrieved RMSE for the SCF of 0.14, which is superior to that of the MODIS standard fractional snow cover product (MOD10A1) [50] . Because this paper focuses on the downscaling method, we only analyze the influence of errors from MODIS standard products (MOD10A1) in the downscaling accuracy and do not involve other SCF products using different retrieval methods. (2) As expected, the errors from the MODIS product reduce the downscaled accuracy. The accuracy of the MODIS SCF is better, and the downscaled accuracy is closer to the best value using highresolution images. For example (Figure 11 ), on 23 November 2009, the MODIS SCF of the study region is 0.70 and the CHRIS SCF is 0.80, whereas the overall accuracy (OA) of the downscaled snow map from the MODIS SCF product is 0.73 and the OA using CHRIS is 0.82. Both calculation results and accuracies are close. By contrast, on 24 November 2009, the MODIS SCF of the study region is 0.27 and the CHRIS SCF is 0.65, whereas the OA of the downscaled snow map using the MODIS product is 0.48 and the OA using CHRIS is 0.76. There is a large difference between the accuracies because the MODIS product dramatically underestimates the SCF value on that day. Overall, better accuracy of the MODIS SCF leads to better downscaling accuracy because there is less error in the MODIS product itself. (3) We also find that a higher SCF is related to higher downscaling accuracy of the MODIS products.
For example, on 28 September 2009, the MODIS SCF of the study region is 0.01 and the CHRIS SCF is 0.06, whereas the OA of the downscaled snow map using the MODIS product is 0.16 and the OA using the TM is 0.60. In this case, the SCFs from MODIS and TM are close; however, the downscaled results different substantially. The underlying cause is still the misestimation associated with the MODIS SCF products in low-SCF regions, as mentioned earlier.
In general, reliable downscaling accuracy can be obtained where the errors in the MODIS SCF products are low using the method presented in this paper. The downscaling results are better particularly where the snow cover area is large. The underestimation produced by the MODIS SCF products can seriously reduce the downscaling accuracy, especially in regions with small areas of snow cover. Retrieval errors must be considered in future studies based on the downscaled method. Differences between the MODIS-based downscaled and remotely sensed snow maps for 17 March 2008. Snow-free areas and areas lacking data are shown in black in both maps; snow-covered areas in the remotely sensed map that were identified as being snow-free in the downscaled map are blue; and snow-covered regions in both maps are white. This image can be compared with the downscaled snow map based on high-resolution images shown in Figure 10 .
We used an empirical method using air temperature and solar radiation as inputs to approximately simulate the heterogeneity of snow ablation at subgrid scale. The method uses a simplification to represent all energy budgets. Obviously its accuracy is less than the complex physically based snow model which clearly consider different energy budgets such as longwave radiation and turbulent fluxes. The main reason for using the empirically method in this paper is the data availability and accuracy, as we discussed in Section 5.1. The solar radiation and air temperature distributions are interpolated based on station observations and DEM data. Given the complexities of mountainous weather patterns, some data may be inaccurate, especially data from areas far from the stations. Investigators should carefully examine the applicability of the downscaled method in these regions when using other data sources, such as reanalyzed atmospheric forcing data, instead of data from local stations. Vegetation conditions also affect snow accumulation patterns. Our study region is almost uniformly covered with grassland; thus, we do not consider potential effects of inhomogeneous vegetation distributions. A previous study also mentioned the possible influence of forest in snow classification in downscaling snow maps [20] . If this method is generalized to other regions, we recommend the study of smaller areas due to potential meteorological data errors and inhomogeneous vegetation patterns. Large study areas may be divided into smaller regions, and SCF data can be downscaled for each separate region.
In this study, some river ice is classified as snow. Although we use prior information regarding river channel locations to identify river ice in the snow map, in some higher-elevation areas, river ice and snow are not easily distinguishable. The river ice formation mechanism differs significantly from that of snow and does not depend primarily on topographic features and temperatures, which leads to errors in the downscaled snow distribution. Fortunately, these areas are small.
Conclusions
A simple and reliable method is used to downscale snow cover fraction data in a mountainous region. The downscaled snow map shows good agreement with the real snow distribution. The mean overall accuracy is 0.69 for all 18 remotely sensed images. The applicability of the downscaled method based on air temperature, solar radiation, sources of error and means of methodological improvement is discussed above. The following conclusions can be drawn from this work:
(1) The downscaled method is suitable for reconstructing subgrid-scale snow distributions. Slope and aspect information for snow-covered areas can be retrieved with sufficient accuracy compared to the real information. Downscaled results may be used in hydrological simulations or in other studies that require more accurate snow distribution data. (2) This method can be applied to other similar mountainous regions. A spatial scale of 500 m is employed herein. Because most remotely sensed snow map products employ kilometer-based resolutions, the method can be used for such products (e.g., MODIS data). Only air temperature, solar radiation and DEM data are required. This simplicity ensures the applicability of this method to sparsely gauged mountainous regions. (3) Spatial scales must be considered when this method is generalized to other similar regions due to the different mechanisms that are important for snow distributions, data interpolation errors and vegetation heterogeneities. Blowing snow should be considered in areas where such patterns are prominent. If sophisticated physically based snow processes are considered while employing downscaling methods, the accuracy of the data should remain intact.
